Functional MRI (fMRI) is modeled as a convolution of the hemodynamic response function (HRF) and an unmeasured latent neural signal. However, HRF itself is variable across brain regions and subjects. This variability is induced by both neural and non-neural factors. Aberrations in underlying neurochemical mechanisms, which control HRF shape, have been reported in autism spectrum disorders (ASD). Therefore, we hypothesized that this will lead to voxel-specific, yet systematic differences in HRF shape between ASD and healthy controls. As a corollary, we also hypothesized that such alterations will lead to differences in estimated functional connectivity in fMRI space compared to latent neural space. To test these hypotheses, we performed blind deconvolution of resting-state fMRI time series acquired from large number of ASD and control subjects obtained from the Autism Brain Imaging Data Exchange (ABIDE) database (N = 1102). Many brain regions previously implicated in autism showed systematic differences in HRF shape in ASD. Specifically, we found that precuneus had aberrations in all HRF parameters. Consequently, we obtained precuneus-seed-based functional connectivity differences between ASD and controls using fMRI as well as using latent neural signals. We found that non-deconvolved fMRI data failed to detect group differences in connectivity between precuneus and certain brain regions that were instead observed in deconvolved data. Our results are relevant for the understanding of hemodynamic and neurochemical aberrations in ASD, as well as have methodological implications for resting-state functional connectivity studies in Autism, and more generally in disorders that are accompanied by neurochemical alterations that may impact HRF shape.
Introduction
Resting-state functional magnetic resonance imaging (fMRI) is widely used to examine brain networks by investigating temporal correlations of the blood oxygen level dependent (BOLD) signals in different brain regions (Biswal et al., 1995; Cordes et al., 2001 ). Specifically in the case of Autism Spectrum Disorder (ASD), resting-state fMRI (rs-fMRI) based functional connectivity (FC) studies could be used to identify potential biomarkers (Nielsen et al., 2014; Cheng et al., 2015; Abraham et al., 2017) . For example, under-connectivity of the superior temporal sulcus that predicts emotion recognition deficits in ASD have been reported (Alaerts et al., 2013) . Also deficits in the somatosensory, default mode, and visual regions have been highlighted in characterizing ASD (Chen et al., 2015) .
Notwithstanding the strides made in understanding the neurobiology underlying ASD using rs-fMRI FC, one drawback of the method is that the BOLD signal only provides an indirect measurement of neural activity (Ogawa and Lee, 1990) , i.e. the observed BOLD signal is a convolution of latent neural activity with the hemodynamic response function (HRF). HRF is the transfer function that broadly represents neurovascular coupling. This could raise many issues while using the BOLD signal as a tool for examining and inferring neural activity. Specifically problematic is the large variability of the HRF across subjects, as well as across brain regions in the same subject (Handwerker et al., 2004; Handwerker et al., 2012; Aguirre et al., 1998) . Further, the HRF seems to vary across pathological populations (Reynell and Harris, 2013; Duarte et al., 2015) and can be influenced by the composition of the genome (Shan et al., 2016) . With specific reference to ASD, prior studies have shown alterations in neurotransmitters which control neurovascular coupling (Reynell and 2013), and this could potentially cause changes in the HRF. Therefore, if the HRF varies due to any factors other than underlying neural activity, it could lead to false inferences of FC, because synchronicity between observed BOLD data in any two given brain regions may or may not exist in latent neural data depending on the differences in HRF shape between the two given regions ( Fig. 1 ) (Rangaprakash et al., 2017a (Rangaprakash et al., , 2018a . Our recent research also suggests that HRF variability confounds FC estimates by 15% on average (Rangaprakash et al., 2018b, c) . Additionally, we have recently reported alterations in HRF parameters as well as in associated seed-based FC in post-traumatic stress disorder (Rangaprakash et al., 2017b, c) , and hence we believe that a similar investigation in ASD may be timely. Therefore, our objective in this work is to investigate the effects of HRF variability on resting-state fMRI FC estimates in the ASD population. In order to do so, we utilized blind deconvolution of rs-fMRI data (Wu et al., 2013 ) from ASD and control populations and characterized FC differences before and after deconvolution. In fMRI task paradigms, the neural activity as well as the BOLD response is entrained to the external sensory input or the motor output. Hence, it is relatively straightforward to deconvolve the HRF and recover latent neural activity, as the timing of neural events is known (Havlicek et al., 2011; Grant et al., 2014; Deshpande et al., 2013; Grant et al., 2015; Karahanoǧlu et al., 2013) . However, this is not true in case of resting state wherein the neural events must be estimated from the data (Rangaprakash et al., 2017c; Wu and Marinazzo, 2014) or inferred from independent measurements of electrical activity (David et al., 2008) before deconvolution is performed. In this study, we employed the rs-fMRI deconvolution method proposed by Wu et al. (2013) , which is based on assuming resting-state data to be generated by neural events at random times and then performing Wiener deconvolution.
In ASD, abnormalities of the neurotransmitters which control neurovascular coupling are well established (Reynell and Harris, 2013; Fatemi et al., 2009 ). Thus, we hypothesized that the HRF, which depends on cerebrovascular reactivity and neurovascular coupling, may be altered between ASD and healthy controls, thereby altering inferred group differences in resting-state FC. We examined voxel-specific HRFs obtained by deconvolving each voxel time series and characterizing group differences of HRF shape in terms of three parameters: time-topeak (TTP), response height (RH), and full-width at half-max (FMHW) (see Fig. 2 ). We determined brain regions with significantly altered HRF between the ASD and control groups. Further, we examined possible impacts of the altered HRF on the rs-fMRI FC differences between groups.
Materials and methods

Resting-state fMRI data
The Autism Brain Imaging Data Exchange (ABIDE) (Di Martino et al., 2014) consists of rs-fMRI data from 1102 subjects contributed by 17 different institutions, including 531 individuals with ASD and 571 age-and sex-matched typical controls. Of these subjects, 739 were males, and 363 were females (Table 1 ). The data from each subject consisted of resting functional MRI acquisitions and a volumetric magnetization-prepared rapid acquisition with gradient echo (MPRAGE) image. Local Institutional Review Boards (IRBs) approved Two fMRI data timeseries that are highly correlated while the correlation between underlying neural signals is low. This apparent dissociation between BOLD and latent neural space is induced by the spatial variability of the HRF shape (especially, its latency), as illustrated. The figure was generated using two example fMRI time series and the corresponding derived HRF, obtained from the experimental fMRI data used in this study. We performed a brute-force search of connectivity and HRF differences between raw and deconvolved data to find this illustrative example.
the study protocol at each institution, the subjects provided informed consent, and the data was fully anonymized in accordance with Health Insurance Portability and Accountability Act (HIPAA) guidelines. Details of acquisition, informed consent, and site-specific protocols are available at http://fcon_1000.projects.nitrc.org/indi/abide/.
Pre-processing
Pre-processing of rs-fMRI data was performed in Data Processing Assistant for Resting-State fMRI (DPARSF) (Chao-Gan and Yu-Feng, 2010 ) toolbox, which is based on Statistical Parametric Mapping (SPM8) (Penny and Harrison, 2006) and Resting-State fMRI Data Analysis Toolkit (Song et al., 2011) . For each individual participant's data set, the first 4 image volumes were discarded. Remaining volumes underwent the following pre-processing steps. Slice time correction was performed by shifting the signal measured in each slice relative to the acquisition of the slice at the mid-point of each TR. Realignment of all the images by using six rigid body motion parameters was followed by spatial normalization to the Montreal Neurological Institute (MNI) template using 4th degree B-spline interpolation. Then we regressed out head motion effects with a 24-parameter (6 head motion parameters, 6 head motion parameters one time point before, and the 12 corresponding squared items) model (Friston et al., 1996) . Signals from the white matter and cerebrospinal fluid were regressed out to reduce respiratory and cardiac effects.
At this point, the processing pipeline was split into two. In the first pipeline, the data was deconvolved using the method proposed by Wu et al. (2013) , and the resulting latent neural variables were temporally bandpass filtered in the (0.01-0.1 Hz) range. We will refer to this as the deconvolved (DC) dataset. In the second pipeline, the data was not deconvolved (hitherto referred to as non-deconvolved or NDC dataset), but was subjected to temporal bandpass filtering in the (0.01-0.1 Hz) range.
Blind deconvolution and HRF estimation
In order to characterize HRF variability in the data (Handwerker et al., 2012) , we employed a blind deconvolution technique developed for rs-fMRI by Wu et al. (2013) . This method has been validated using both simulations and experimental data (Wu et al., 2013; Rangaprakash et al., 2018b) . It is based on the idea that the resting-state BOLD signal [f(t)] could be considered as the convolution of the voxel-specific HRF [h(t)] and spontaneous neural events [n(t)] occurring at random times (Tagliazucchi et al., 2012 ).
where e(t) is noise. Accordingly, spontaneous neural events n t ( ) ͠ (defined next in Eq. (2)) were determined from BOLD fluctuations of relatively large amplitude. "Relatively large" was quantified as one standard deviation away from the mean, as prescribed in (Wu et al., 2013; Tagliazucchi et al., 2011) . This was done after pre-processing procedures (elucidated earlier), which reduced or eliminated potential sources of noise. This ensured that spikes contributed by noise sources were not mistaken for neural events. Specifically, a temporal mask with frame-wise displacement (FD) < 0.3 mm was added to avoid pseudo point process events induced by motion artifacts. Using denoised and pre-processed data, the spontaneous neural events were defined as pseudo neural events modeled as a train of Dirac delta functions (Tagliazucchi et al., 2012 (Tagliazucchi et al., , 2011 .
Then, a general linear model (GLM) was fitted by adjusting the delay between pseudo neural events n t ( )  and the BOLD peaks as a free parameter. Estimation of the HRF ∼ h t ( ) was then performed by fitting the canonical double-gamma HRF model along with its two derivatives to these delay-adjusted neural events. Once the estimated HRF was available along with the BOLD time series, the latent neural time series n t ( ) ͠ was derived using a standard Wiener filter (Glover, 1999 ):
where FT −1 is the inverse Fourier transform operator, and W(w) is the Fourier transform of the Wiener filter defined as follows
The estimated HRFs were characterized by three parameters: response height (RH), time-to-peak (TTP), and full-width at half-wax (FWHM). The HRF parameters were further Z-scored. Statistical two sample t-tests were performed to investigate between-group differences in HRF parameters. Also, a two-way ANOVA analysis on HRF parameters with data acquisition sites and groups as two factors was performed in order to investigate inter-site variability and its interaction with group differences. Significant main effect of site or interaction between group and site factors were not found. The deconvolution code in MATLAB is publicly available at http://users.ugent.be/~dmarinaz/ HRF_deconvolution.html.
Seed region selection
Our motive was to find brain regions that had alterations in all the three HRF parameters (TTP, FWHM and RH) in ASD compared to control subjects and use these regions as seeds to perform FC mapping with DC and NDC data. Two sample two-tailed t-tests were conducted using ASD and control samples for the three parameters separately to obtain maps indicating voxels with statistically significant difference (FDR corrected p-value < 0.05, cluster size > 50 voxels chosen based on AlphaSim correction) between the groups. FDR corrections were implemented by the Benjamini-Hochberg procedure. These maps were overlapped (intersection) to obtain brain regions that had alterations in all the three HRF parameters. We found that this corresponded to the precuneus where in all the three HRF parameters were greater in controls compared to ASD. Therefore, precuneus was selected as the seed region of interest (seed ROI) for calculating FC with the remaining brain regions (Fig. 4) . Table S1 in supplementary material lists the details of the chosen seed region, including the Montreal Neurological Institute (MNI) coordinates of the cluster and cluster size.
Seed-based functional connectivity
For each participant, seed-based connectivity maps were obtained by evaluating Pearson's correlation coefficient between the mean time series from the precuneus seed ROI and the rest of the pre-processed voxel time series in the brain. A Fisher's z-transform was applied to improve the normality of these correlation coefficients (Press et al., 1992; Lowe et al., 1998) . The converted z-score maps are hereafter referred to as "the correlation maps". This pipeline was implemented separately for the two datasets: (i) NDC: data pre-processed without deconvolution, and (ii) DC: data pre-processed with deconvolution.
It is critical to note that connectivity differences obtained in the latent neural space are not obtained from neural event data. The fixed neural model (unit spiking before threshold crossing) is indeed used to estimate the neural event time series and the HRF. The utility of this model is in estimating the proper HRF lags for deconvolution. However, once the voxel-specific HRF is obtained, the latent neural time series is estimated using Wiener deconvolution. According to the model by Karahanoğlu et al. (Karahanoǧlu et al., 2013) as well as that used by Dynamic Causal Modeling (Friston et al., 2003) , the former signal is the "innovation signal" and is constrained by fixed amplitudes (i.e. either ON or OFF). The latter latent neural time series used in connectivity analysis is the "activity-inducing signal" which is a continuous time series with amplitude variations as shown in the right-most column of Fig. 1. 
Group-level analyses
The z-score maps from individual subjects were entered into a random effect one-sample t-test to determine the brain regions showing significant connectivity to the precuneus within each group. They were also entered into a random effect two-sample t-test to identify the regions showing significant differences in connectivity to the precuneus between control and ASD groups (Holmes and Friston, 1998) . These procedures were also implemented separately for both DC and NDC datasets.
The effect of deconvolution
To investigate the effect of deconvolution on between-group differences in FC, a two-way repeated-measures ANOVA was performed within each voxel connected with the precuneus seed. We considered the groups (Control and ASD) as one factor and with/without applying deconvolution as the other factor. The voxels showing a significant interaction between the two factors (FDR corrected, p < 0.05) were identified. Statistical tests were performed using SPSS (version 20, IBM Inc., USA).
Results
Whole brain voxel-specific maps of HRF parameters for each individual subject in both Autism and healthy control groups have been shared publicly elsewhere .
Inter-group HRF differences
We found that the bilateral inferior occipital gyrus and precuneus had significantly higher RH (Fig. 3A) in the control group while the middle frontal gyrus and bilateral rectus had significantly higher RH (Fig. 3B) in the ASD group. The bilateral parietal lobule, bilateral rectus, supramarginal gyrus, superior temporal gyrus, and precuneus exhibited significantly higher FWHM (Fig. 3C ) in the control group while the middle temporal gyrus exhibited significantly higher FWHM (Fig. 3D) in the ASD group. The left lingual gyrus and precuneus showed significantly higher TTP (Fig. 3E) in the control group. Detailed information such as cluster sizes, cluster centroids etc. are represented in Table S1 in supplementary material. We found that only one cluster within the precuneus showed alterations in all three HRF parameters (Fig. 4) (note: RH, TTP and FWHM were higher in Control group in this region compared to ASD). Also, a two-way ANOVA analysis on HRF parameters with data acquisition sites and groups as two factors did not show significant main effect of site or interaction between group and site factors.
Precuneus-based functional connectivity within groups
In the NDC dataset, positive FC between the precuneus seed and bilateral angular gyrus were observed in both control and ASD groups ( Fig. 5B and D) . In the control group, the positive FC between precuneus and the medial frontal lobe as well as negative FC between precuneus and right superior temporal gyrus (also partly containing the Insula) were detected, while these were not detected in the ASD group.
In the DC dataset, more clusters significantly connected with the precuneus were detected in both groups (Fig. 5A and C) . In the ASD group, in addition to precuneus -bilateral angular gyrus connectivity that was observed with NDC data, additional significant positive FC between precuneus and the medial frontal gyrus was detected. Likewise, in the control group, functional connectivities identified with NDC data were also identified using DC data. Additionally, positive FC between the precuneus and right middle temporal gyrus as well as negative FC with right supramarginal gyrus and bilateral insula were also detected. It is noteworthy that among regions identified to be functionally connected to precuneus in both DC and NDC datasets, those obtained from the DC dataset had a larger spatial extent (Table S2 in supplementary material).
Precuneus-based connectivity differences between groups
We quantified the differences in seed-based FC between ASD and control groups, using both DC and NDC datasets separately. In the NDC dataset, the superior temporal gyrus showed higher negative connectivity with precuneus in the control group, while bilateral angular gyrus and medial frontal gyrus showed higher positive connectivity in the control group compared to ASD (Fig. 6 , Table S3 in supplementary material). In the DC dataset, the superior temporal gyrus, insula and right supramarginal gyrus showed higher negative connectivity with precuneus in the control group while bilateral angular gyrus, medial frontal gyrus and right middle temporal gyrus showed higher positive connectivity in the control group compared to ASD (Fig. 6 , Table S3 in supplementary material).
The effect of deconvolution
Voxels in left medial frontal gyrus, left cuneus, right angular gyrus and bilateral postcentral gyrus showed a significant interaction effect between groups and deconvolution (Fig. 7 , Table S4 in supplementary material). This means that group differences between ASD and Controls in these regions would be inferred differently in DC and NDC data.
Finally, to assess if any global effects were impacting our findings, we compared the global signal across groups using pre-processed fMRI data. We found no significant difference between groups in derived global signal measures (p > 0.05), based on which we concluded that global signal effects did not impact any group differences observed in this study (more details in supplementary material SI-2).
Discussion
In this study, we tested the hypothesis that the HRF is altered in individuals with ASD as compared to controls, and that this could lead to differences in resting-state FC estimated from latent neural signal as compared with that obtained from pre-processed (but not deconvolved) BOLD fMRI data. In order to do so, we estimated the HRF at each voxel using a blind deconvolution technique and characterized significant differences in HRF characteristics such as RH, FWHM and TTP. Further, resting-state FC maps obtained from DC and NDC data had significant differences, and this impacted inferences about group differences derived from resting-state connectivity analysis. These results seem to lend credence to the fact that scenarios such as the ones shown in Fig. 1 could occur in experimental data. Therefore, in order to mitigate the uncertainty introduced by the variability of the HRF, we feel that it is desirable to perform resting-state FC analysis in the latent neural space than with BOLD data. Given the recent push to investigate FC differences as a potential imaging biomarker of ASD (Deshpande et al., 2013; Di Martino et al., 2014 as well as a metric for tracking treatment response (Levin et al., 1998) , we feel that taking HRF differences in FC analysis will be critical in the clinical context.
The shape of the HRF is controlled by both non-neural and neural factors. The non-neural factors include vasculature differences, baseline cerebral blood flow, hematocrit, alcohol/caffeine/lipid ingestion, partial volume imaging of veins, global magnetic susceptibilities, slice timing differences and pulse or respiration differences (Handwerker et al., 2004) (Aguirre et al., 1998; Rangaprakash et al., 2018b) . These factors induce HRF differences across both brain regions and subjects. On the other hand, systematic differences in the shape of the HRF observed between ASD and controls could at least partly be attributed to underlying neural factors that control the HRF shape.
One might wonder why specifically three HRF parameters were used. This choice was guided by prior literature, in part by Wu et al.'s findings as well as other studies that tie neurochemical mechanisms with these three HRF parameters. For example, Lindquist and Wager (2007) suggest the use of three parameters for optimal estimation of the HRF: RH, TTP, and FWHM as potential measures of response magnitude, latency, and response duration. The relationship between HRF's other morphological features and neurochemical mechanisms controlling HRF shape is yet unclear.
Concerning the choice of Wu et al.'s deconvolution technique in this study, we evaluated various methods for deconvolution and deduced that this technique is most suitable for investigating voxel-level HRF differences across subjects. For example, the "Total Activation" approach (Karahanoǧlu et al., 2013) performs impressively for finding transient and block-type co-activation patterns in the latent neural space, especially for task data. However, since it uses the same anatomical constraint across subjects, it may not fully capture the true intersubject HRF variability. Also, HRF shape can be greatly influenced by proximity to blood vessels (Wu et al., 2013) , and it might be inappropriate to impose the constraint that the HRFs within a given anatomical region must be similar.
A comprehensive account of neural factors that control the shape of the HRF is beyond the scope of this report. However, we will discuss neurochemicals that have been shown to affect the shape of the HRF and then link them with independent reports of altered neurochemistry Fig. 4 . The cluster within the precuneus which showed alterations in all three HRF parameters with RH, TTP and FWHM being higher in Controls compared to ASD.
W. Yan et al. NeuroImage: Clinical 19 (2018) 320-330 in Autism. Fig. S1 (in supplement) shows various neurochemicals that control the coupling between neural activity and blood flow. The demand for energy due to neural activity is coupled to blood flow changes by signaling pathways controlled by various neurochemicals that directly or indirectly mediate vasodilation or vasoconstriction. The HRF is a mathematical transfer function which represents this coupling and hence could be altered as a consequence of changes in any of these neurochemicals. Specifically, glutamatergic and GABAergic interneurons impact the HRF (Bush et al., 2015; Brown et al., 2003) by releasing neuromodulators which control local cerebral blood flow (Buzsáki et al., 2007; Lozano-Soldevilla et al., 2014) . In brain regions with low concentrations of GABA, taller, quicker and narrower HRFs have been observed previously (Muthukumaraswamy et al., 2012) . Also, local activation of brain regions causes blood vessel dilation, which is mediated by glutamatergic actions on N-methyl-D-aspartate (NMDA) receptors (Busija et al., 2007) . Attwell et al. (2010) point that GABA decreases excitability, implying that decreased GABA concentration leads to increased neuronal excitability and therefore elevated neuronal firing and higher glutamate release, which triggers the release of vasodilators, increases blood flow and modulates the HRF. However, these relationships are likely not linear. Neural activations as well as neurotransmitters could contribute to altered HRFs. Therefore, in the supplement (SI-3. Further discussion on the neurochemistry underlying our findings) we provide a detailed discussion on abnormalities in GABA, serotonin, nitric oxide (NO), glutamate and neural activations in ASD (as indicated in Fig. S1 of supplement), and ways in which such aberrations could have impacted HRF differences between groups.
Since the precuneus showed alterations in all three HRF parameters, we chose that region as the seed for FC analysis. It is noteworthy that precuneus is a core region of the Default-Mode Network (DMN) (Zhang and Li, 2012; Andrews-Hanna et al., 2014) . Therefore, by using precuneus as the seed, in effect, we probed the DMN in ASD and controls using both DC and NDC datasets. Between-group differences obtained from both datasets were largely consistent with those obtained from previous studies (Di Martino et al., 2014; Lynch et al., 2013; Washington et al., 2014; Maximo et al., 2014; Uddin and Menon, 2009; Williams and Minshew, 2007; Assaf et al., 2010) .
With between-group comparisons, bilateral angular gyrus and medial frontal gyrus showed higher positive connectivity in the control group compared to ASD in both DC and NDC datasets (Fig. 6 , Table S3 in supplementary material). This supports the notion that under-connectivity of DMN contributes to core ASD deficits (Assaf et al., 2010; Jann et al., 2015; Ren et al., 2016) . In the DC dataset, the right middle temporal gyrus exhibited hypo-connectivity with precuneus in ASD. We also detected lower negative connectivity with precuneus in superior temporal gyrus, insula and right supramarginal gyrus in ASD, with these negative correlations related to the DMN being considered as "anti-correlated" (Chang and Glover, 2010) . However, in the NDC dataset, we observed only lower negative connectivity with precuneus in right superior temporal gyrus in ASD (Fig. 6 , Table S3 in supplementary material).
Using repeated-measures ANOVA, we investigated whether brain regions show an interaction between group and deconvolution factors, i.e. whether significant differences between ASD and control groups were themselves significantly different between DC and NDC datasets. We found that the connectivity between the precuneus seed and the following regions -left medial frontal gyrus, left cuneus, right angular gyrus and bilateral postcentral gyrus (Fig. 7 , Table S3 in supplementary material) -showed this interaction effect. This shows that FC group differences in these regions would be inferred differently in DC and NDC datasets. This is consistent with Lehmann et al. (2017) who found that the HRF to confound connectivity estimates in similar regions. This finding reinforces the point that we would be better off performing FC analysis in the latent neural space using DC data than in BOLD space using NDC so that inferences are not confounded by HRF variability.
Finally, we present some limitations of this study and point towards future directions which could address those limitations. First, we estimated the effect of HRF variability using seed-based FC using a precuneus seed. We did this since the precuneus showed alterations in all three HRF parameters. However, one could investigate the effect of voxel-wise HRF variability on voxel-wise FC differences between controls and ASD at the whole brain level, rendering a broader picture. Second, the deconvolution method chooses the threshold based on the normalized time series in each voxel of each subject. Thus, even if the ASD group has abnormal neural activations, the method only considers the relative amplitude in time series at one voxel as one event. This is nevertheless a limitation even if neural differences between the groups are captured by the latent neural time series (which is a continuous time signal that allows for amplitude variations as shown in Fig. 1 ) obtained from deconvolution (and not the neural event time series obtained by thresholding the BOLD data, which is binary). Third, we have discussed various neurochemical alterations in ASD and how they could have influenced the shape of the HRF. These inferences are indirect at best, since we did not directly measure the concentration of those neurochemicals. Such an endeavor, using noninvasive in vivo methods such as magnetic resonance spectroscopy in humans as well as invasive methods in animal models, could provide evidence that is more direct and further validate our observations. Fourth, all reported blind deconvolution algorithms have demonstrated their face validity using simulations (although many methods are applicable only to task data, and the number of methods capable of deconvolving resting state data are small). Therefore, in principle, we should get similar (not same) results using any blind deconvolution algorithm. However, in the absence of any reports of direct comparison of deconvolution algorithms within the same framework, it is difficult to definitively say that all of them would lead to the same conclusion. Given mounting evidence from previous literature supporting the notion that HRF variability corrupts fMRI data (Rangaprakash et al., 2017b (Rangaprakash et al., , c, 2018b Müller et al., 2011) , and given our further contribution to the understanding of HRF confound, we recommend researchers to perform deconvolution during pre-processing to minimize the confound of HRF variability.
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